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Abstract
The rapid proliferation of large language models (LLMs) across critical socio-technical
infrastructures has necessitated a paradigm shift from mere generative fluency to rigorous logical
reliability. Despite advancements in scale, LLMs remain susceptible to logical
hallucinations—instances where a model produces structurally coherent but substantively invalid
reasoning chains. These failures present significant risks in domains such as legal adjudication,
medical diagnostics, and engineering design, where the internal consistency of an argument is as
vital as the final output. This paper proposes a systems-level architectural framework for refining
reasoning chains through self-correcting reinforcement learning (RL). By integrating modular
refiner policies with adaptive solver hierarchies, we transition the alignment burden from static
fine-tuning to dynamic, inference-time optimization. We analyze the structural trade-offs between
computational overhead and logical robustness, emphasizing the role of verifiable reward signals
in stabilizing the iterative refinement process. Our discussion extends to the governance
implications of deploying these architectures in public-facing systems, addressing the
socio-technical challenges of transparency, fairness, and the prevention of reward hacking.
Through a multi-dimensional analysis of infrastructure and policy, we argue that the future of
resilient AI lies in the convergence of generative potential and autonomous corrective feedback
loops, ensuring that reasoning remains grounded in verifiable logic rather than stochastic
approximation.
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1. Introduction

The evolution of generative artificial intelligence has reached a critical juncture where the primary
bottleneck is no longer the breadth of information retrieval but the structural integrity of internal
reasoning [23]. While contemporary large language models exhibit remarkable capabilities in
natural language understanding and synthesis, their deployment in high-stakes environments is
frequently hampered by the phenomenon of logical hallucinations [26]. Unlike factual
hallucinations, which involve the generation of incorrect empirical data, logical hallucinations



represent a breakdown in the inferential process itself [11]. A model may correctly identify
premises but fail to apply the transitive or deductive rules required to reach a valid conclusion,
resulting in a reasoning chain that is superficially persuasive but fundamentally flawed [20]. This
challenge is compounded by the "black box" nature of massive neural architectures, where the
transition from token prediction to logical deduction remains poorly understood from a systems
perspective [18].

As LLMs are increasingly integrated into the backbone of modern society—from automated code
generation for critical infrastructure to policy drafting for governmental bodies—the cost of these
logical failures escalates [19]. A single erroneous reasoning step in a structural engineering
analysis or a legal brief can lead to catastrophic downstream consequences [21]. To address this,
the research community has shifted focus toward "Chain-of-Thought" (CoT) prompting and
iterative refinement [23]. However, static prompting techniques often fail to generalize across
diverse task distributions and can even exacerbate confirmation bias within the model [6]. The
core problem lies in the static nature of the alignment: models are often trained to mimic
human-like reasoning patterns rather than to adhere to formal logical constraints [16].

This research paper explores the design and implementation of self-correcting reinforcement
learning architectures specifically tailored to mitigate these logical inconsistencies. We argue that
the mitigation of hallucinations requires a shift from monolithic model updates toward modular,
agentic systems that can autonomously evaluate and refine their own reasoning paths [4]. By
treating the reasoning process as a sequential decision-making task, we can apply reinforcement
learning techniques to reward consistency, structural validity, and corrective behavior [25]. This
systems-level approach considers not only the algorithmic implementation but also the broader
implications for deployment, infrastructure sustainability, and the ethical governance of
autonomous reasoning systems [27].

2. The Architecture of Logical Failure: Mapping Hallucinations in LLMs

Logical hallucinations are not merely errors in output; they are structural failures in the latent
space of the model [2]. To understand how to refine these chains, one must first categorize the
types of logical breakdowns that occur during inference. Traditional taxonomies of LLM failure
often conflate factual inaccuracies with logical inconsistencies [1]. However, in a systems
engineering context, these are distinct failure modes requiring different mitigation strategies.
Fact-conflicting hallucinations emerge from the training data or retrieval mechanisms, whereas
context-conflicting and logic-conflicting hallucinations emerge from the transformer's inability to
maintain a coherent state over long-range dependencies [26].

In complex reasoning tasks, such as those found in mathematics or multi-step logic puzzles, a
model may undergo what is termed "reasoning-answer misalignment" [5]. In this scenario, the
model produces a chain of thought that correctly identifies the necessary steps but ultimately
arrives at a wrong answer, or conversely, produces a correct answer based on flawed premises [10].
This decoupling suggests that the model is relying on spurious correlations—such as the
frequency of certain tokens in the training set—rather than a robust internal representation of logic



[14]. From an architectural standpoint, this is a failure of the attention mechanism to prioritize
relational logic over probabilistic token proximity.

Furthermore, the imperceptibility of these errors poses a significant challenge for
human-in-the-loop systems [16]. Because LLMs are trained to be highly persuasive and fluent,
their logical failures are often buried under layers of eloquent prose. This effect can lead human
operators to over-rely on the system, a phenomenon known as automation bias [26]. In
socio-technical infrastructures, where LLMs act as decision-support tools, the invisibility of
logical hallucinations degrades the overall reliability of the human-machine team [19]. Addressing
this requires a system that can not only generate reasoning but also provide an internal "audit trail"
that is subject to autonomous verification [9].

3. Self-Correcting Reinforcement Learning: A Systems Perspective

The transition from static generation to self-correcting reasoning involves the implementation of a
feedback-driven architecture. At the heart of this proposal is the use of Reinforcement Learning
with Verifiable Rewards (RLVR) [24]. Unlike traditional Reinforcement Learning from Human
Feedback (RLHF), which relies on subjective human preferences, RLVR utilizes objective
markers of correctness—such as code execution results, mathematical proofs, or formal logic
checks—to provide precise supervision [28]. This shift reduces the noise inherent in human
labeling and allows the system to scale its learning through autonomous interaction with a
structured environment [15].

A robust self-correcting architecture typically consists of a "Refiner" and a "Solver." The Refiner
is a specialized meta-policy trained via RL to rewrite and decompose raw human queries into
explicit logical steps before they reach the primary Solver LLM [28]. This modularity is a key
systems-level advantage; instead of retraining a trillion-parameter model, which is
computationally prohibitive and ecologically unsustainable, we can optimize a smaller, more agile
Refiner policy [17]. This inference-time paradigm allows for per-sample adaptation, where the
reasoning trigger is tailored to the specific logical nuances of each individual query [28].

The training of these refiner policies involves a dual objective: solving the problem directly and
refining candidate responses [13]. This "Generative Self-Refinement" skill is model-agnostic and
generalizes to out-of-distribution tasks, making it a highly resilient component of the AI stack [22].
However, the system must be designed to avoid "reward hacking," where the Refiner learns to
exploit the Solver's biases or leaks the answer into the prompt to artificially inflate scores [8]. To
mitigate this, we propose the integration of an Adaptive Solver Hierarchy—a curriculum-based
mechanism that aligns the difficulty of the environment with the Refiner's evolving competence,
ensuring stable and honest learning trajectories [28].

4. Infrastructure and Deployment: Scalability and Robustness

Integrating self-correcting RL architectures into existing large-scale infrastructures requires
careful consideration of computational trade-offs. Inference-time scaling—where the model



spends more "thinking time" to refine its output—improves performance on complex tasks but
increases latency and resource consumption [3]. From a systems perspective, this necessitates a
tiered deployment strategy. Low-stakes, high-volume queries can be handled by standard
generative paths, while high-stakes reasoning tasks are routed through the self-correcting pipeline
[28]. This "Route-LLM" approach optimizes the balance between cost and reliability.

Moreover, the sustainability of these systems is a growing concern. Training and maintaining
massive models contributes significantly to carbon footprints and energy demand [15]. By
focusing on modular RL architectures, we can achieve high-level reasoning performance without
the need for constant, large-scale retraining [7]. This "Plan-then-Action" methodology allows for
high-level planning guidance to be injected into the reasoning process, reducing the number of
tokens generated and thus the overall energy per inference [7]. Such efficiencies are vital for the
long-term viability of AI-integrated infrastructures.

Deployment robustness also hinges on the system's ability to handle adversarial inputs or
unexpected environmental shifts. A self-correcting model that has been trained to detect its own
inconsistencies is inherently more resilient to "jailbreaking" or prompt injection attacks that aim to
derail its logic [12]. By internalizing the verification process, the model creates a defensive layer
that evaluates the logical consistency of its own response against the user's original intent,
effectively filtering out nonsensical or harmful reasoning paths before they are finalized.

5. Socio-Technical Implications and Governance

The deployment of reasoning LLMs is not merely a technical challenge; it is a socio-technical one
that intersects with policy, ethics, and human trust [19]. As these models begin to function as
"cognitive shortcuts" in social and professional settings, the definition of truth shifts from internal
belief to architectural coupling and evaluation regimes [19]. Governance frameworks must adapt
to this shift by mandating transparency in how reasoning chains are verified. If an AI system
makes a recommendation in a healthcare or financial context, the underlying logic must be
accessible and auditable by human regulators [21].

Fairness and bias also take on new dimensions in the context of self-correction. Reinforcement
learning policies can inadvertently amplify biases present in the reward signals [8]. If the
"verifiable rewards" are based on datasets that reflect historical inequalities, the self-correcting
mechanism may refine the reasoning to align with those biases rather than objective logic [4].
Ensuring fairness requires a multi-agent perspective where diverse verification agents provide a
pluralistic set of feedback signals [27]. This prevents the system from converging on a narrow,
potentially biased "logical" path.

Policy-makers must also consider the implications of AI systems that can autonomously update
their own "prompts and parameters" [4]. This level of agency necessitates new regulatory
standards for "Agentic AI." We propose the development of "Reasoning Integrity Standards" that
define acceptable error rates for logical consistency in critical sectors. These standards would
move beyond simple accuracy metrics to evaluate the robustness of the reasoning chain itself,



ensuring that AI-integrated infrastructures remain stable and predictable even as the underlying
models become more complex [27].

6. Forward-Looking Perspectives: The Path to Agentic Intelligence

Looking toward the future, the convergence of deep reinforcement learning and foundation models
is reshaping the landscape of artificial intelligence [15]. We are moving away from fragmented,
prompt-engineered agents toward unified architectural sciences [27]. In this new era, agentic
intelligence is defined by the ability to manage and interact with "contextuality"—the dynamic
integration of external observations and internal reasoning states [4]. Self-correcting RL
architectures are the first step toward this more sophisticated form of agency.

We envision a future where LLMs operate within a "Contextual Cognition" framework, where
reasoning is not a one-shot generation but a continuous process of perception, interaction, and
refinement [4]. In this paradigm, logical hallucinations are treated as system faults that trigger
automatic diagnostic and repair protocols. This evolution will likely involve "World-Model
Pretraining," where models learn to reason by simulating outcomes in a structured environment
before generating text [15]. Such systems would not just predict the next token; they would predict
the consequences of their logic.

The ultimate goal is the creation of "Self-Evolving Agents" that can improve through continuous
feedback without human intervention [4]. While this holds immense promise for scientific
discovery and engineering innovation, it also requires a robust ethical and technical framework to
ensure alignment with human values. The interdisciplinary researcher of the future must therefore
be adept in both the high-dimensional mathematics of neural networks and the complex
socio-technical dynamics of human-AI interaction.

7. Conclusion

The challenge of logical hallucinations in large language models represents a fundamental hurdle
in the path toward reliable and trustworthy artificial intelligence. This paper has argued that the
solution lies in the implementation of self-correcting reinforcement learning architectures that
treat reasoning as a dynamic, modular process of refinement. By shifting the focus from static
alignment to inference-time optimization, we can create systems that are more robust, scalable,
and logically consistent.

However, the technical success of these architectures is inextricably linked to their socio-technical
context. Robustness, fairness, and transparency must be designed into the system from the
beginning, supported by a governance framework that understands the unique risks of agentic
reasoning. As we integrate these "reasoning machines" into the fabric of our society, our
responsibility is to ensure that their logic is not just a persuasive simulation, but a verifiable and
grounded reflection of the world they are intended to serve. The refinement of reasoning chains is
not just an engineering task; it is an essential step in securing the integrity of our future
socio-technical infrastructures.
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